Vineyard ecosystems are structured and distinguished by fungal communities impacting 1 the flavour and quality of wine 2 3
The flavours of foods and beverages are formed by the agricultural environment where the plants are 1 0 grown. In the case of wine, the location and environmental features of the vineyard site imprint the 1 1 wine with distinctive aromas and flavours. Microbial growth and metabolism play an integral role in 1 2 wine production from the vineyard to the winery, by influencing grapevine health, wine fermentation, 1 3 and the flavour, aroma and quality of finished wines. The mechanism by which microbial distribution 1 4 patterns drive wine metabolites is unclear and while flavour has been correlated with bacterial 1 5 composition for red wines, bacterial activity provides a minor biochemical conversion in wine 1 6 fermentation. Here, we collected samples across six distinct winegrowing areas in southern Australia 1 7 to investigate regional distribution patterns of both yeasts and bacteria and how this corresponds with 1 8 wine aroma compounds. Results show that soil and must microbiota distinguish winegrowing regions 1 9 rRNA database (v13.8) (DeSantis et al 2006) Archive under the bioproject PRJNA594458 (bacterial 16S rRNA sequences) and PRJNA594469 2 2 3 (fungal ITS sequences). 2 2 4
Microbial alpha-diversity was calculated using the Shannon index in R (v3.5.0) with the "vegan" 2 2 5 package (Oksanen et al 2007) . One-way analysis of variance (ANOVA) was used to determine 2 2 6 whether sample classifications (e.g., region, fermentation stage) contained statistically significant 2 2 7 differences in the diversity after Bonferroni correction with the "ggsignif" package (Ahlmann-Eltze 2 2 8 2017). Principal coordinate analysis (PCoA) was performed to evaluate the distribution patterns of 2 2 9 wine metabolome and wine-related microbiome based on beta-diversity calculated by the Bray-Curtis 2 3 0 distance with the "labdsv" package (Roberts 2007) . Permutational multivariate analysis of variance 2 3 1 (PERMANOVA) with 999 permutations was conducted within each sample classification to 2 3 2 determine the statistically significant differences with "adonis" function in "vegan" (Oksanen et al 2 3 3 2007). 2 3 4 2 3 5
Significant taxonomic differences of wine microbiome between fermentation stages were tested using 2 3 6 linear discriminant analysis (LDA) effect size (LEfSe) analysis (Segata et al 2011) 2 3 7 (https://huttenhower.sph.harvard.edu/galaxy/). The OTU table was filtered to include only OTUs > 2 3 8 0.01% relative abundance to reduce LEfSe complexity. This method applies the factorial Kruskal-2 3 9
Wallis sum-rank test (α = 0.05) to identify taxa with significant differential abundances between 2 4 0 categories (using all-against-all comparisons), followed by the logarithmic LDA score (threshold = 2 4 1 2.0) to estimate the effect size of each discriminative feature. Significant taxa were used to generate 2 4 2 taxonomic cladograms illustrating differences between sample classes. The co-occurrence/interaction patterns between wine metabolome and microbiota in the soil and must 2 4 5 were explored in network analysis using Gephi (v0.9.2) (Bastian et al 2009). Only top 100 OTUs 2 4 6 (both bacteria and fungi) based on the relative abundance were used to construct the network. A 2 4 7 correlation matrix was calculated with all possible pair-wise Spearman's rank correlations between 2 4 8 volatile compounds and OTUs. Correlations with a Spearman correlation coefficient ρ ≥ 0.8 and a p < 2 4 9 0.01 were considered statistically robust and displayed in the networks (Junker and Schreiber 2008). 2 5 0 2 5 1 A Random forest supervised-classification model (Breiman 2001) was conducted to identify the main 2 5 2 predictors of wine regionality among the following variables: must and soil microbial diversity 2 5 3 (Shannon index), soil properties, and weather. The importance of each predictor is determined by 2 5 4 evaluating the decrease in prediction accuracy (that is, increase in the mean square error (MSE) 2 5 5 between observations and out-of-bag predictions) when the data is randomly permuted for the 2 5 6
predictor. This analysis was conducted with 5,000 trees using the "randomForest" package in R (Liaw 2 5 7
and Wiener 2002). The significance of the model and the cross-validated R 2 were assessed using the 2 5 8 "A3" package (ntree = 5000) (Fortmann-Roe 2013). The structural equation model (SEM) (Grace 2 5 9
2006) was used to evaluate the direct and indirect relationships between must and soil microbial 2 6 0 diversity, soil properties, climate and wine regionality. SEM is an a priori approach partitioning the 2 6 1 influence of multiple drivers in a system to help characterize and comprehend complex networks of 2 6 2 ecological interactions (Eisenhauer et al 2015) . An a priori model was established based on the 2 6 3 known effects and relationships among these drivers of regional distribution patterns of wine aroma to 2 6 4 manipulate the data before modelling. Weather and soil properties were used as composite variables 2 6 5 (both Random Forest and SEM) to collapse the effects of multiple conceptually-related variables into 2 6 6 a single-composite effect, thus aiding interpretation of model results (Grace 2006) . A path coefficient 2 6 7 describes the strength and sign of the relationship between two variables (Grace 2006). The good fit 2 6 8 of the model was validated by the χ 2-test (p > 0.05), using the goodness of fit index (GFI > 0.90) and 2 6 9 the root MSE of approximation (RMSEA < 0.05) (Schermelleh-Engel et al 2003) . The standardised 2 7 0 total effects of each factor on the wine regionality pattern were calculated by summing all direct and 2 7 1 indirect pathways between two variables (Grace 2006). All the SEM analyses were conducted using 2 7 2 AMOS v25.0 (AMOS IBM, NY, USA). 2 7 3 2 7 4
SourceTracker was used to track potential sources of wine-related fungi within the vineyards (Knights 2 7 5 et al 2011). SourceTracker is a Bayesian approach that treats each give community (sink) as a mixture 2 7 6 of communities deposited from a set of source environments and estimates the proportion of taxa in 2 7 7 the sink community that come from possible source environments. When a sink contains a mixture of 2 7 8 taxa that do not match any of the source environments, that portion of the community is assigned to an 2 7 9
"unknown" source (Knights et al 2011) . In this model, we examined musts (n = 2) and vineyard 2 8 0 sources (n = 50) including grapes, leaves, xylem sap, roots, and soils. The OTU tables were used as 2 8 1 data input for modelling using the "SourceTracker" R package 2 8 2 (https://github.com/danknights/sourcetracker). Using GC-MS, we analysed the volatile compounds of Pinot Noir wine samples (MLF-End) 2 8 6
representing distinct wine growing regions. These were finished wines, which are being prepared for 2 8 7 sale to consumers and enabled the metabolite profiles to be compared directly to the microbial 2 8 8 communities inhabiting the musts from which these wines were fermented. In all, 88 volatile 2 8 9 compounds were identified in these wines. We used α -and β -diversity measures to elucidate wine 2 9 0 complexity and regionality, respectively. In 2017, α -diversity varied with regional origins (ANOVA, 2 9 1 p < 0.001), with higher Shannon indices (2.17 ± 0.05) were observed in the wines from regions of 2 9 2 Mornington, Yarra Valley and Gippsland than others (1.94 ± 0.03) ( Figure 1A ). PCoA showed that 2 9 3 74.5% of the variance was explained by the first two principal coordinates, and that wines within 2 9 4 regions grouped together (Bray-Curtis, ADONIS, p < 0.001) ( Figure 1B ). Overall, wine aroma 2 9 5 profiles display highly significant regional differentiation across both vintages (ADONIS, R 2 = 0.566, 2 9 6 p < 0.001) and the clustering patterns become more distinct and regression coefficients improve when 2 9 7 comparing regional differences in 2017 (ADONIS, R 2 = 0.703, p < 0.001) ( Supplementary Table S1 ). 2 9 8
Microbial ecology from the vineyard to the winery 2 9 9
To elucidate how microbial ecology drives regional traits of wine from the vineyard to the winery, 3 0 0 150 samples covering soils, musts and fermentations were collected to analyse wine-related 3 0 1 microbiota. A total of 11,508,480 16S rRNA and 12,403,610 ITS high-quality sequences were 3 0 2 generated from all the samples, which were clustered into 13,689 bacterial and 8,373 fungal OTUs 3 0 3 with a threshold of 97% pairwise identity, respectively. 3 0 4 3 0 5
The dominant bacterial taxa across all soil samples were Actinobacteria, Proteobacteria, 3 0 6
Acidobacteria, Chloroflexi, Verrucomicrobia, Bacteroidetes, Gemmatimonadetes, Firmicutes, 3 0 7
Planctomycetes and Nitrospirae (Supplementary Figure S2A ). Compared with bacteria, soil fungal 3 0 8 communities were less diverse. Ascomycota was the most abundant and diverse phylum of fungi, 3 0 9 accounting for 72% of reads, followed by Basidiomycota, Mortierellomycota, Chytridiomycota and 3 1 0
Olpidiomycota (Supplementary Figure S2B ). The microbiome richness, α -diversity (Shannon index) 3 1 1 varied significantly with regions for both bacteria and fungi (ANOVA, p < 0.01) (data not shown). 3 1 2
Soil community structures widely varied across different grape growing regions, exerting significant 3 1 3 impacts on both bacterial and fungal taxonomic dissimilarity (Bray-Curtis, ADONIS, p < 0.001) 3 1 4 independent of vintage, with clearer differences within a single vintage ( Supplementary Table S1 ). In 3 1 5 2017, soil fungal communities could discriminate growing regions (except Yarra Valley and 3 1 6
Gippsland) ( Figure 2B ), whereas regional separation of bacteria was weaker with overlap between 3 1 7 two or three regions ( Figure 2A ). 3 1 8 3 1 9
In grape musts, bacterial communities across six wine growing regions in both vintages consisted of 3 2 0 ubiquitous bacteria Enterobacteriales, Rhizobiales, Burkholderiales, Rhodospirillales, 3 2 1 Actinomycetales, Sphingomonadales, Pseudomonadales, Saprospirales, and Xanthomonadales, which 3 2 2 do not participate in wine fermentations or spoilage (Barata et al 2012). The LAB Lactobacillales, 3 2 3 responsible for malolactic fermentation, was present in low abundance (average = 0.4%) in the must 3 2 4 ( Figure 3A ). Fungal profiles were dominated by filamentous fungi, mostly of the genera 3 2 5
Aureobasidium, Cladosporium, Botrytis, Epicoccum, Penicillium, Alternaria, and Mycosphaerella, 3 2 6 with notable populations of yeasts, including Saccharomyces, Hanseniaspora, and Meyerozyma, as 3 2 7 well as the Basidiomycota genus Rhodotorula ( Figure 3B ). Pinot Noir musts exhibited significant 3 2 8 regional patterns for fungal communities across vintages 2017 and 2018 (Bray-Curtis, ADONIS, p < 3 2 9 0.001) but no significant differences for bacterial communities across both vintages (Bray-Curtis, 3 3 0 ADONIS, p = 0.152) ( Supplementary Table S1 ). Within the 2017 vintage, both bacteria and fungi in 3 3 1 the must showed distinctive structures and composition based on the region (Bray-Curtis, ADONIS, p 3 3 2 < 0.001), with more distinct trend and improved regression coefficient for fungi (R 2 2017, 2018 = 0.292, 3 3 3 R 2 2018 = 0.565) ( Figure 3A , B) ( Supplementary Table S1 ). Notably, the relative abundance of 3 3 4
Saccharomyces yeasts varied significantly from 1.3% (Macedon Range) to 65.6% (Gippsland) 3 3 5 between regions (ANOVA, p < 0.01) ( Figure 3B ). As the wine fermentation proceeded, fermentative 3 3 6 populations including yeasts and LAB grew and dominated, thus reshaping the community diversity 3 3 7 Figure S3A Oenococcus) in the MLF-End ( Figure 3C ). Regional differences in microbial profiles were not 3 5 4 significant in the finished wines (ADONIS, R 2 bacteria = 0.149, p = 0.321; R 2 fungi = 0.109, p = 0.205) 3 5 5
(Supplementary
( Supplementary Table S1 ). 3 5 6 3 5 7
To uncover the impact of growing season (vintage) on wine regionality and related microbiota, five 3 5 8 vineyards in Mornington were sampled in 2017 and 2018 to compare within and between vintages. 3 5 9
Within these five vineyards alone, both microbial patterns and resulting wine aroma profiles see a 3 6 0 significant vintage influence (ADONIS, p < 0.001) ( Supplementary Table S1 ). However, vintage only 3 6 1 weakly impacts microbial patterns and wine regionality, in particular an insignificant influence on 3 6 2 fungal patterns when comparing all must samples (ADONIS, p = 0.066) ( Supplementary Table S1 ). 3 6 3
We used 2017 vintage data to further explore microbial biogeography and wine regionality in the 3 6 4 following analyses. 3 6 5
Microbial patterns correlate to wine aroma profiling 3 6 6
Network analysis was used to explore connections between regional microbial and wine metabolic 3 6 7 patterns. We selected 57 volatile compounds and 246 OTUs based on strong correlation coefficients 3 6 8 (Spearman correlation coefficient, ρ ≥ 0.8; p < 0.01), forming the co-occurrence patterns. These 3 6 9 variables showed a sophisticated internal structure, consisting of 303 nodes and 610 edges (average 3 7 0 degree = 4.026), with mostly positive correlations (90.66%) ( Figure 4A ). Both must (average degree = 3 7 1 3.791) and soil microbiota (average degree = 3.333) presented high connectivity with wine 3 7 2 metabolites ( Figure 4B , C). Fungal OTUs (n = 69) more densely connected with volatile compounds 3 7 3 than bacteria (n = 42) in the soil ( Figure 4B ). This indicated that soil microbial communities, 3 7 4 especially fungi, play an important role in wine regionality. The most densely connected volatile 3 7 5 compounds were assigned to groups of monoterpenes (C18, p-cymene; C46, α -terpineol), 3 7 6 phenylpropanoids (C71, benzaldehyde; C74, phenethyl acetate), and acetoin (C20) ( Figure 4A ). 3 7 7
Correspondingly, high-connectivity nodes with these compounds were OTUs of bacterial taxa 3 7 8
Enterobacteriales, Rhizobiales, Burkholderiales and Xanthomonadales, and fungal taxa Penicillium, 3 7 9
Rhodotorula and Neocatenulostroma, from soil and must ( Figure 4B , C). The group of esters, which 3 8 0 are yeast-driven products (Swiegers et al 2005) , were highly associated with fungal OTUs (in 3 8 1 particular Hypocreales, Alternaria, Cryptococcus and Mortierella) from the vineyard soil, for 3 8 2 example, ethyl hexanoate (C16) and ethyl dihydrocinnamate (C87) ( Figure 4B ). Fatty acids (including 3 8 3 C47, 4-hydroxybutanoic acid; C77, octanoic acid) were mostly negatively connected with fungi 3 8 4 (including Acremonium, Penicillium) from the must ( Figure 4C ). 3 8 5
Multiple drivers modify wine regionality in the vineyard 3 8 6
To disentangle the role of microbial ecology on wine regionality expression, we used Random Forest properties, microbial diversity of soil and must) driving wine regionality, and structural equation 3 8 9 modelling (SEM) (Grace 2006) to testify whether the relationship between microbial diversity and 3 9 0 wine regionality can be maintained when accounting for multiple drivers simultaneously. The 3 9 1
Random Forest model demonstrated that fungal diversities were major predictors of wine regionality. 3 9 2
Not surprisingly, must fungal diversity played an important role (increase in MSE) than soil ( Figure  3  9 3 5). The SEM explained 94% of the variance found in the pattern of wine regionality ( Figure 6A ). 3 9 4
Weather drove wine aroma profiles directly (especially MT, MLT, MinT and MS) and indirectly by 3 9 5 powerful effects on soil and must microbial diversity, in particular strong effects on soil fungal 3 9 6 diversity ( Figure 6A ). Must fungal diversity had the highest direct positive effect on wine aroma 3 9 7 characteristics, with direct influences from soil fungal diversity ( Figure 6A ). Weather and climate 3 9 8 could impact soil nutrient pools primarily through MS, MLT, MinT, and MTrans. Soil properties 3 9 9
showed strong effects on soil microbial diversity and must bacterial diversity, but weak effects on 4 0 0 must fungal diversity ( Figure 6A ). Must bacterial diversity had a weak effect on wine aroma profiles, 4 0 1 as well as soil bacteria. Overall, must fungal diversity is the most important driver of wine 4 0 2 characteristics, followed by soil fungal diversity ( Figure 6B) , with influences from weather and soil 4 0 3
properties both directly and indirectly ( Figure 6A ). 4 0 4
Source tracking wine-related fungi within vineyard 4 0 5
As we showed in the SEM, soil fungal diversity had a direct positive influence on must fungal 4 0 6 diversity and thus indirectly contributed to wine aroma profiles ( Figure 6 ). Given that soil is a 4 0 7 potential source of fungi associated with wine production (Morrison-Whittle and Goddard 2018), here 4 0 8
we attempt to uncover the mechanism whereby soil fungi could be transported from soil to the grapes. 4 0 9
We sampled fungal communities from grapevines and soil and hypothesised that the xylem/ phloem 4 1 0 was the internal mechanism to transport microbes. A total of 2,140,820 ITS high-quality sequences 4 1 1 were generated from soil and grapevine samples (grape, leaf, xylem sap, root), which were clustered 4 1 2 into 4,050 fungal OTUs with 97% pairwise identity. Using SourceTracker (Knights et al 2011), fungal 4 1 3 communities in the must were matched to multiple sources from the belowground to the aboveground. 4 1 4
Results showed that grape and xylem sap were primary sources of must fungi, with 32.6% and 41.9% 4 1 5 contributions, respectively ( Figure 7A ). Xylem sap showed similar fungal structure with must ( Figure  4 1 6 S4A). Further source tracking revealed that the root and soil contributed 90.2% of fungal OTUs of 4 1 7 xylem sap which contributed 67.9% of the fungi of grapes ( Figure 7B, C) . 4 1 8 4 1 9
Notably, S. cerevisiae were found shared between niches of soil, root, xylem sap, grape and must, 4 2 0 with the highest (1.2%) and lowest (0.04%) abundance in the root and soil, respectively ( Figure S4B ). 4 2 1
To explore whether xylem/phloem sap could be a translocation pathway of S. cerevisiae, we 4 2 2 attempted to culture yeasts from the collected xylem sap. Chemical analysis of nutrient compositions 4 2 3
showed that xylem sap contained nine carbohydrates (predominantly glucose, fructose and sucrose), 4 2 4 15 amino acids (mainly arginine, aspartic acid and glutamic acid) and six organic acids (primarily 4 2 5 oxalic acid), which could be utilised as carbon sources and support yeast growth ( Figure S4E , F, G) 4 2 6 (Yadeta and Thomma 2013). No S. cerevisiae yeasts were isolated, but distinct isolates of the 4 2 7
Basidiomycota yeasts of Cryptococcus spp. (primarily C. saitoi) and Rhodotorula slooffiae were 4 2 8 found ( Figure S4C ). Similar species of yeasts were isolated when xylem/phloem sap was collected 4 2 9 from grapevines grown in the glasshouse ( Figure S4D) . Here we show that wine regionality is dependent on fungal ecology and is sensitive to local weather, 4 3 5 climate and soil properties. A new mechanism to transfer fungi from the soil to grapes and must via 4 3 6 xylem/ phloem sap was investigated. We systematically investigated the microbiome from the soil to 4 3 7 wine to show that soil and grape must microbiota exhibit regional patterns and that these patterns can 4 3 8 be translated into wine metabolites. study, however, Glomeromycota was only recovered with low frequency in soils coming from 4 5 0
Mornington and Macedon Ranges, and Blastocaldiomycota was not detected (data not shown). In the 4 5 1 must, both principal fermentation drivers (S. cerevisiae and LAB) and innocent species (those that 4 5 2 neither ferment nor spoil, such as Enterobacteriales and Aureobasidium) were present in different 4 5 3 abundances among regions ( Figure 3A finding is that the must bacterial diversity is strongly influenced by soil properties, in particular C: N. 4 6 8
Previous work has shown that structures of must and soil communities are similar and some species The bacterial microflora is recognised as important for plant growth processes more broadly (Berg et 4 7 3 al 2009), but fungal diversity beyond endosymbiotic mycorrhizae has not been systematically 4 7 4 investigated for grapevines. Here, we show that the soil fungal communities are distinct for a region. 4 7 5
Our modelling suggests that soil properties (C: N) and weather (MS) strongly affect soil fungal 4 7 6 diversity, which was in line with large-scale studies in which climatic (especially precipitation) and ( Supplementary Table S1 ). This trend was observed more distinct in fungal communities compared 4 8 7 with bacteria. This is not unexpected as it is clear that fermentation more strongly affects fungal 4 8 8 populations compared with bacteria, due to increasing fermentation rate, temperature and ethanol 4 8 9 concentration induced by S. cerevisiae growth (Bokulich et al 2012 , Goddard 2008 . In this case, 4 9 0 fermentation conditions, such as chemical environments and interactions/competition within the 4 9 1 community, reshape the microbial patterns. Despite the complex change of microbial ecosystem 4 9 2 during fermentation, we show that biogeographic patterns in the must can be translated into regional 4 9 3 metabolic profiling of wine. Our modelling indicates that the indirect influences of weather and soil 4 9 4
properties via shaping soil and must microbial diversity are more powerful than the direct influences 4 9 5 on wine aroma profiles ( Figure 6 ). Co-occurrence networks demonstrate that soil and must microbiota 4 9 6 closely correlate to the wine metabolome. These interactions also indicate some potential modulations 4 9 7 of soil and must microbiota on wine chemistry, in particular that are numerically dominant taxa in the 4 9 8 early fermentation. For example, bacteria Enterobacteriales positively correlated with some grape-4 9 9 derived volatile compounds, thus potentially enhancing variety aroma in wine (Swiegers et al 2005) . 5 0 0
Enterobacteriales have been also previously related to wine fermentation rate by Bokulich et al. farming practices to structure regional microbial communities that can benefit soil quality, hence, crop 5 0 7 productivity. 5 0 8
Fungal communities distinguish wine quality and style 5 0 9
In grape musts, bacterial and fungal communities exhibit different responses to site-specific and 5 1 0 environmental effects. Bacterial regional patterns were not as distinct as fungi, and significantly 5 1 1 impacted by vintage ( Supplementary Table S1 ). Although profound responses to soil properties (for 5 1 2 example C: N), affects wine fermentation, must bacteria show insignificant influences on wine aroma 5 1 3 profiles ( Figure 6 ). In contrast, fungal communities display discriminant distribution patterns at the 5 1 4 regional scale and are consistent between the years studied in this work than the bacterial 5 1 5 communities, aligning with results presented by Bokulich et al (2014) . Soil fungal communities are 5 1 6 less diverse than bacterial communities ( Figure S2; Fierer et al 2017) , but of more importance to 5 1 7 resulting wine regionality (see Figure 4 , 5, 6). Must fungi, in particular the fermentative yeasts, weather and exert impacts on must fungal communities ( Figure 6 ). Co-occurrence relationships 5 2 1 between wine metabolome and soil microbiota highlight potential contributions from fungal taxa 5 2 2 ( Figure 4) . One explanation is that grapevines filter soil microbial taxa selecting for grape and must More sensitive responses of vineyard soil fungi might improve grapevine fitness to local 5 2 6 environments thus benefiting the expression of regional characteristics of grapes and wines. 5 2 7 5 2 8
How could yeasts present in the soil be transported to the berry surface? Soil is a reservoir of 5 2 9 grapevine-associated microbiome (Figure 7) transporting water and minerals absorbed by roots to the photosynthetic organs, xylem sap is also a 5 3 2 niche for microbes that can bear its nutritional environment (Yadeta and Thomma 2013). Here we 5 3 3 investigated xylem sap as a conduit to shape the microbiota on the grape surface by enrichment and vineyard or in the glasshouse. We were able to isolate and identify yeasts belonging to Cryptococcus 5 3 7
and Rhodotorula genera, which shows that this environment is not sterile and can potentially transport 5 3 8 yeasts to the phyllosphere. 5 3 9 5 4 0 Fungi, while not as ecologically diverse as bacteria, are direct contributors to wine aroma. In the soil, 5 4 1 fungi can distinguish wine regions in this study have relatively stable populations between years.
4 2
While we were unable to find fermentative yeasts in the sap of grapevines, yeasts were present and 5 4 3 thus may be transported in the grapevine as well as making their way to the phyllosphere through 5 4 4 other mechanisms (water splashes, insect vectors). Previous studies have shown that fermentative Our study illustrates that microbes are absolute contributors to wine aroma and that this comes from 5 5 0 the environment in which they are grown and provides a basis to explain how wine may have a 5 5 1 distinctive flavour from a particular region. Fungi plays a crucial role in interrelating these biotic and 5 5 2 abiotic elements in vineyard ecosystem and could be transported by the internal. Climate and soil 5 5 3
properties profoundly drive microbial patterns from the soil to the grape must, which ultimately sculpt 5 5 4 wine metabolic profiling. We do not yet know how grapevines recruit their microbiome to maximise 5 5 5 physiological development and microbial diversity under local conditions. 5 5 6 5 5 7 5 5 8 
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Supplementary Materials and Methods
Xylem sap collection
Xylem sap ( n = 10) was collected from the vineyard using a centrifugation method in aseptic conditions (López-Millán et al 2000) . Briefly, the shoots were peeled the outer bark and phloem layer, sterilised with 70% ethanol and cut to fit into 10-ml sterile centrifuge tubes that had 10 glass beads at the bottom. Xylem sap was centrifuged out the shoot pieces at 15,000 × g for 10 min at 4°C and collected at the bottom (~ 2.0 mL). Additional xylem sap (n = 5) were sampled from Vitis vinifera Shiraz grapevines grown in the glasshouse, the University of Melbourne. Xylem fluid was extracted with a pressure cylinder apparatus (similar with Scholander pressure chamber) (Schurr 1998).
Grapevines were uprooted and carefully removed the soil from roots. In an aseptic bench, the main stems were cut 5-10 cm above roots with a sterile blade, girdled to remove phloem tissue, sterilised by 70% ethanol, and immediately inserted into the pressure cylinder. The cylinder was applied 60-70 kPa pressure for two hours to extract xylem sap (~ 4.0 mL). Xylem sap was divided into two subsamples, one for yeast culture experiment immediately, one for next-generation sequencing with flash frozen in liquid nitrogen and stored at -80°C until DNA extraction.
Chemical analysis of xylem sap composition
Carbohydrates of xylem sap were determined using enzymatic methods by Megazyme assay kits (Megazyme, Ireland) following the manufacturer's protocol. Amino acids (free and proteins) were determined using pre-column derivatisation with 6-aminoquinolyl-N-hydroxysuccinimidyl carbamate followed by separation and quantification with an ACQUITY Ultra Performance LC (UPLC; Waters, MA, USA) system by Australian Proteome Analysis Facility. The column employed was an ACQUITY UPLC BEH C18 column (1.7 μ m × 2.1 mm × 5 mm) with detection at 260 nm (UV) and a flow rate of 0.7 mL/min at 57 -60°C. Identification and quantitation were using a set of prepared standards, with DL-Norvaline as the internal standard (Cohen and Michaud 1993, Cohen 2001) .
Organic acids were determined using a Waters High-performance liquid chromatography (HPLC) (Waters, MA, USA) based on Andersen et al (1989) with modification. 20 μ L xylem sap was injected through a Synergi™ Hydro-RP LC Column (250 mm × 4.6 mm × 4 μ m; Phenomenex Inc, CA, USA) at 60°C, with detection at 210 nm (UV). Mobile phases at a flow rate of 1.0 mL/min, with 20 mM potassium phosphate buffer (A, pH = 1.5) and 100% methanol (B) following a gradient programme:
(0-2.5) min, 100% A; (2.5-2.9) min, linear ramp to 30% B; (2.9-8.0) min, 30% B; (8.0-8.5) min, linear ramp to 100% A; (8.5-10) min, 100% A. Identification and quantitation were using a set of prepared standards.
Isolation and identification of yeasts from xylem sap
Yeasts were isolated and identified from xylem sap to explore the potential translocation mechanism of yeasts in the vineyard ecosystem. Xylem sap was serially diluted and plated (0.1 mL) onto the yeast extract peptone dextrose (YPD) medium that was supplemented with 34 mg/mL chloramphenicol and 25 mg/mL ampicillin to inhibit bacterial growth. Plates were incubated at 28°C for 2-3 days in aerobic conditions. Single colonies with different morphological types were streaked onto Wallerstein Nutrient (WLN) agar media to obtain pure cultures, which were stored in 15% glycerol at -80°C.
DNA was recovered from pure colonies using the MasterPure™ Yeast DNA Purification Kit (Epicentre, Madison, WI) following the manufacturer's instructions. The 26S rDNA D1/D2 domain was amplified using primers NL1/4 (Kurtzman and Robnett 1998) (2000) . Effects of iron deficiency on the composition of the leaf apoplastic fluid and xylem sap in sugar beet. Implications for iron and carbon transport. Plant Physiology 124: 873-884.
Schurr U (1998). Xylem sap sampling-new approaches to an old topic. Trends in Plant Science 3: 293-298.
